Abstract. In this paper, I model the intraday trading activity based on volume durations, i.e. the waiting time until a predetermined volume is absorbed by the market. Since this concept measures the trading volume per time it is strongly related to market liquidity. I focus on volumes measured independently of the side of the market as well as on buy volumes, sell volumes and volumes measured on both market sides simultaneously. For econometric modelling of the different duration concepts, the performance of alternative types of Box-Cox-ACD models are analyzed. By evaluating out-of-sample forecasts, evidence is provided that Box-Cox-ACD models are a valuable tool for predicting volume durations. It is shown that volume durations measured independently of the side of the market have the best predictability. Furthermore, I illustrate that the inclusion of explanatory variables capturing past market activities concerning the price process and imbalances between the buy and sell side of the market. The empirical study uses IBM transaction data from the NYSE.
Introduction
This paper analyzes the time and volume dimension of the intraday trading process. The main idea is to investigate volume durations, i.e. the waiting time until a predetermined volume is traded on the market. Since volume durations measure the speed of the market with respect to the trading volume, i.e. the trading volume per time, they are a valuable proxy for liquidity. The main advantage of this liquidity concept is that it is easily derived from the trade and quote process of a market and does not require insights into the limit order book. February 15, 2002 . JEL Classifications: C22 C41 G14. Keywords: volume durations, liquidity concepts, Generalized F distribution, out-of-sample-forecasts An earlier version of this paper (titled 'Analyzing liquidity dynamics using ACD models') was presented at the 'International Conference on Financial Econometrics' in Delphi, Greece, 2001 , the 'Conference on Market Microstructure and High-Frequency Data in Finance' in Sandbjerg, Denmark, 2001 , and the 56th European Meeting of the Econometric Society in Lausanne, 2001 . For valuable comments I would like to thank Francis X. Diebold, Tony Hall, Dieter Hess, Stefan Klotz and Winfried Pohlmeier. I am also grateful to the Center of Finance and Econometrics (CoFE) for financial support. All remaining errors are my sole responsibility.
An economically quite reasonable interpretation of volume durations is provided by Gourieroux, Jasiak, and LeFol (1999) . They interpret the waiting time until a given volume is traded as liquidity costs, i.e. as the (time) costs, a trader is faced with when his order is not immediately executed. Moreover, by accounting for the type of the corresponding trades it is possible to focus on different aspects of the intraday trading process. E.g. the analysis of buy (sell) volumes provides deeper insights into the trading activities on the particular sides of the market and yield indications concerning the capacities of the order book. In this sense volume durations might be associated with execution times of unlimited market orders. Furthermore, the analysis of the waiting time until a given volume is traded on both sides of the market allows not only to account for the speed of the market but also for the balance between the market sides.
Therefore, in this study, three different types of volume durations are analyzed: I investigate the waiting time until a predetermined aggregated volume is traded, (i) independent from the market side, (ii) on the buy (sell) side, and (iii) on both market sides simultaneously. From an economic point of view two main questions are resolved within the course of the paper. First, how predictable are volume durations and thus the absorptive capacities of the market, especially on the particular market sides? Second, which impact have past market activities on the expected volume duration and thus the speed of the market? In particular, are volatile market periods followed by more or less liquid phases?
Which impact have large price movements and are there asymmetry effects with respect to the trader's behaviour on the different sides of the market?
The econometric framework to estimate volume durations is provided by the seminal work of Engle and Russell (1998) , who proposed the Autoregressive Conditional Duration (ACD) model which shows a strong resemblance to the GARCH model for price processes. In this paper, the performance of alternative ACD specifications with respect to the goodness-of-fit and the prediction of volume durations is analyzed. From an econometric point of view I focus on two major aspects: First, which functional form of the conditional mean function of the ACD model is suitable to model different types of volume durations and provides satisfying forecasts? Second, which distributional assumptions are appropriate? Therefore, in this paper the ACD framework is extended in two directions. First, more flexible functional forms of the conditional mean function based on Box-Cox transformations are proposed. These new types of Box-Cox-ACD models are quite flexible and nest the basic ACD model (Engle and Russell, 1998) , the Log-ACD model and the Box-Cox-ACD model proposed by Dufour and Engle (2000) . Second, as proposed by Hautsch (2001) , the ACD error term follows a Generalized F distribution which allows for a wide variety of different shapes of the hazard function.
Based on out-of-sample predictions of the mean and of the density, it will be shown that more flexible specifications of the conditional mean function improve both the fit and the forecast power of the models. Contrarily, more flexible distributions improve the fit of the data, but do not significantly affect predictions of the duration mean and the duration density. Furthermore, it is shown that explanatory variables associated with trading activities within the last 10 minutes have a significant impact on the expected volume duration, even when dynamic dependencies are taken into account. Moreover, they improve the predictability of the mean.
The paper is organized in the following way: In section 2, a characterization of volume durations and their relationship to liquidity measures is discussed in more detail. Section 3 presents different types of (Box-Cox-) ACD models based on the Generalized F distribution. Section 4 deals with data description, the derivation of the different volume duration concepts and the presentation of summary statistics. Section 5 gives the estimation results while section 6 discusses evaluations of the prediction performance of the different ACD specifications. In section 7, the impact of explanatory variables associated with past market activities is analyzed. The conclusions are given in section 8.
Volume durations and liquidity
Liquidity has been recognized as an important determinant of market behaviour and the efficient working of a market. Following the conventional definition of liquidity (see e.g. Keynes, 1930 , Demsetz, 1968 , Black, 1971 , Glosten and Harris, 1988 an asset is considered as liquid if it can be traded quickly, in large quantities and with little impact on the price. Thus, following this concept, the measurement of liquidity requires to account for three dimensions of the transaction process: Time, volume and price. Kyle (1985) defines liquidity in terms of the tightness indicated by the bid-ask spread, the depth corresponding to the amount of one sided volume that can be absorbed by the market without inducing a revision of the bid and ask quotes and resiliency, i.e. the time in which the market returns to its equilibrium. The multidimensionality of the liquidity concept is also reflected in theoretical and empirical literature, where several strings can be divided: A wide range of the literature is related to the bid-ask spread as a measure of liquidity 1 and to the decomposition of the spread with a main focus on the measurement of the adverse 1 See e.g. Bessembinder (2000) , Elyasiani, Hauser, and Lauterbach (2000) , Greene and Smart (1999) or Conroy, Harris, and Benet (1990). selection cost component 2 . Other studies deal with the analysis of the market depth and the order flow in the limit order book 3 .
A further string of literature is related to the analysis of trading volume 4 and its price impact 5 . In electronic trading systems, the price impact is determined by the market depth, i.e. the absorptive capacities of the order queues in the limit order book. Thus, the larger the volume an investor wants to buy or sell, the higher the probability that it exceeds the capacity of the first queue of the limit order book and thus the larger is the price impact. If the demand (or supply) is not large enough to match the order, the investor has to wait until execution is guaranteed. In a market maker market the price impact is determined by the order book of the market maker and thus the posted bid-ask spread. The larger the volume a trader wants to buy or to sell, the larger the spread posted by the market maker in order to account for his adverse selection risk and his inventory costs. Thus, the investor has to bear liquidity costs which arise through the difference between the market price and the ask (bid) quote placed by the market maker. Since the order book of the market maker is unobservable, the price impact of a large volume in each instant of time is hardly identifiable.
Quite natural liquidity measures arise by ignoring the price impact and focussing on the time dimension of the intraday trading process. In this context, intertrade durations are a proxy for the arrival rate of new orders 6 and essential determinants of market liquidity. A valuable way not only to account for the time dimension but also for the volume dimension is to consider volume durations, i.e. the time in which a certain volume is absorbed by the market 7 . Even though volume durations do not account for the price impact, they admit a quite reasonable interpretation as time costs of liquidity (see Gourieroux, Jasiak, and LeFol, 1999) . Consider a trader who wants to execute a large order but wants to avoid the costs for immediacy induced by a high bid-ask-spread. Then he has the possibility to split his order and to distribute the volume over time 8 . Such a trader is interested in the time he has to wait until the execution of the complete order. Then, the expected volume duration allow him to quantify the (time) costs of liquidity.
By defining volume durations not only based on the amount of volume shares but also on the type of the corresponding transactions, it is possible to capture different components of the trading process. Hence, buy (sell) volume durations might be interpreted as the waiting time until a corresponding unlimited market order is executed. In this sense, forecasts of volume durations are associated with predictions of the absorptive capacities of the market, especially for the particular market sides. Alternatively, by the measurement of the time until a given volume on both market sides is traded, one obtains a liquidity measure which also accounts for the balance between the market sides. Then, a market period is defined as liquid if unlimited market orders are executed quickly on both sides of the market.
Hence, volume durations allow to focus on different aspects of liquidity and might be used as valuable means to compare different market scenarios as well as different markets.
ACD Models
Let τ t , t = 1, . . . , T , denote the waiting time until a given volume v is absorbed by the market. The conditional expected volume per time is given by
where I t denotes the information set up to period t. The function E [ τ t | I t−1 ] is easily estimated by applying the ACD framework proposed by Engle (1996) 9 and Engle and Russell (1998) to model point processes with dependent arrival rates. The main principle of the ACD model is to specify the durations τ t as a multiplicative relationship between the conditional mean function Ψ t = E[τ t |I t−1 ] and an error term t with positive support.
Different types of ACD models can be divided either by choice of the functional form for the conditional mean function Ψ t or by choice of the distribution for t .
The basic ACD specification proposed by Engle and Russell (1998) and Engle (2000) is based on a linear parameterization of the conditional mean function 10 ACD(p,q): Dufour and Engle (2000) discuss two main drawbacks of this specification: First, this formulation requires constraints on the parameters to ensure that the model does not predict negative durations. Second, they provide evidence that non-linear functional forms 9 The paper is now published as Engle (2000) . 10 Note that for simplicity the lag order is set to one.
of Ψ t are more appropriate to model the adjustment process of the conditional mean to recent durations.
A valuable alternative which requires no parameter constraints is to specify the conditional mean function Ψ t in logarithmic form, leading to the Log-ACD model proposed by Log-ACD(p,q):
However, this specification implies a relatively rigid adjustment process of the conditional mean to recent durations and thus, in general, an overadjustment of the conditional mean after very short durations. Therefore, Dufour and Engle (2000) propose the Box-Cox-ACD model as a more flexible alternative based on a Box-Cox transformation of the past innovations,
Engle and Dufour's Box-Cox-ACD specification includes the Log-ACD model for the BoxCox parameter δ → 0 and a linear specification for δ = 1.
The major argument for the use of a logarithmic form for Ψ t is to ensure the non-negativity condition of the predictions of the model. However, note that the functional form of Ψ t has important implications for the marginal impact of past durations on the current duration since a logarithmic form implies a multiplicative relationship between past durations which is quite different from a linear form. The crucial question is whether the restriction on the functional form of Ψ t because of non-negativity conditions is justified. In order to allow for a higher flexibility, I propose a specification which weakens the non-negativity condition, but allows to test a linear form of the conditional mean function against a logarithmic one. The main idea is to specify the random variable Ψ t itself in terms of a Box-Cox transformation leading to 
The advantage of this specification is that it nests the BC1-ACD model, Engle and Dufour's BC-ACD model as well as the Log-ACD model and the basic ACD model. Despite of the high nonlinearity of this model induced by the different Box-Cox transformations, it is easily estimated by ML without imposing any parameter restrictions.
A further possible extension of this framework would be to allow for asymmetric news impact curves as proposed by Fernandes and Grammig (2001) . In this framework the model is built based on an absolute value function of the past innovations leading to noncontinuous news impact curves. However, even though such a specification allows for quite flexible news impact curves, the authors remark that it is not easily estimated since the inclusion of absolute value functions lead to numerical problems when the log likelihood function is maximized. Moreover, in most of the cases the estimation of the Hessian is quite cumbersome and OPG standard errors are computed instead of the robust sandwich form.
Therefore, in order to avoid such problems and make the inference of the particular specifications comparable, this study is restricted to the models given above which allow, even based on the Generalized F distribution, for a trouble-free estimation and for robust inferences.
Stationarity is ensured for the basic ACD model by p j=1 α j + q j=1 β j ≤ 1 and for the Log-ACD model as well as the Box-Cox ACD specifications by q j=1 β j ≤ 1 (see also Engle and Russell, 1998 or Dufour and Engle, 2000) .
Focussing on the choice of the distribution of the error term t , the most obvious choice is the standard exponential distribution which is a relatively restrictive parameterization for most of the applications. More flexible distributions are the Weibull distribution (Engle and Russell, 1998) , the Generalized Gamma distribution (Lunde, 2000) , the Burr distribution (Grammig and Maurer, 2000) or the Generalized F distribution (Hautsch, 2001 ). In order to get deeper insights into the role of distributional flexibility, I use the Generalized F distribution and as benchmark the Weibull distribution.
The mean of the Generalized F distribution is given by
where a, m and η are parameters determining the shape of the hazard function and λ is a scale parameter. As outlined by Hautsch (2001) , the Generalized F ACD model is built on a time dependent specification of the inverse of the scale parameter θ := λ −1 , i.e. it is assumed that
where
This model includes as special cases the generalized gamma distribution for η → ∞, the Weibull family for m = 1, η → ∞ and the log-logistic distribution for m = η = 1.
Combining this specification with the BC2-ACD model, eq. (7), gives
The log likelihood function is obtained by
A specific feature of financial durations is a strong impact of intraday seasonality patterns, see e.g. Wood, McInish, and Ord (1985) , Engle and Russell (1998) , or Gerhard and Hautsch (2001) . One common solution within the ACD framework is to generate seasonally adjusted series by partialling out the time-of-day effects. In this context, the durations are decomposed into a deterministic and a stochastic component. Engle and Russell (1998) formulate the deterministic seasonality effect as a multiplicative function, which is given by
where s t (τ t−1 , ξ) corresponds to the seasonality function depending on seasonality parameters ξ associated with the beginning of the spell, andτ t denotes the 'seasonal adjusted' duration. Thus, in this context the conditional expectation of τ t is
whereΨ t denotes the conditional mean function of the seasonal adjusted durations. 11
Constructing liquidity measures based on volume durations
I use the IBM data used in Engle and Russell (1998) and Engle (2000) which is extracted from the Trades and Quotes (TAQ) database available from the NYSE. Trading at the NYSE is based on a so-called hybrid system, i.e. the trading mechanism combines a market maker system with an order book system. For each stock one market maker (specialist) has to manage the trading and quote process and has to guarantee the provision of liquidity, when necessary by taking the other side of the market. The data set contains time stamped prices, volumes and bid-ask quotes of the particular transactions. The sample period covers three months from November 1990 till January 1991, corresponding to approximately 60,000 transactions. The preparation of the data set follows along the lines of the work of Engle (2000) . All trades before 9:30 a.m. and after 4:00 p.m. and all trades without a reported bid and ask quote are deleted. Furthermore the 11/22/90 (Thanksgiving), the 11/23/90, the 12/23/90 and the 01/01/91 as well as all overnight durations and zero durations are discarded. After this procedure the resulting data set contains 52,540 observations.
In order to generate buy/sell volume durations, the particular trades have to be identified as either buy or sell transactions. The initiation of trades is inferred indirectly from the price and the quote process. The most commonly used methods of inferring the trade direction are the tick test, the quote method as well as hybrid methods which combine both methods (see e.g. Finucane,2000) . The tick test uses previous trades to infer the trade direction. According to this method a trade is classified as buy (sell) if the current trade occurs at a higher (lower) price than the previous trade. If the price change between the both transactions is zero, the trade classification is based on the last price that differs from the current price. The quote method is based on the comparison of the transaction price and the midquote. When the price is above (below) the midquote, then the trade is classified as buy (sell). Here, I use a combination of both methods as proposed by Lee and Ready (1991) , where the quote method is used to classify all transactions that do not occur at the midquote 12 , and the tick test is used to determine transactions where the transaction price equals the midpoint.
Based on this procedure, 56.79% of the observations are identified as buys. Table 1 shows the summary statistics of the time between particular trades, between buys and sells, respectively, as well as of the volume associated with the corresponding transactions. approximately 2,000 shares per trade. The volume per buy transactions is significantly higher as for sell transactions which might be strongly related to the fact that the price increased from 104$ to approximately 127$ during the sample period. Based on the transaction process, volume durations are generated by systematically thinning the point process. In the following three different types of volume durations are considered:
(i) The time until v ≥ 10, 000 (20, 000) shares are absorbed by the market. Such volume durations have an appeal as very general liquidity measures as they measure the traded volume per time, independent of the side of the market.
(ii) The time until v ≥= 5, 000 (10, 000) shares are bought or sold, respectively. Buy (sell) volume durations allow to get deeper insights into the trading activity on the particular market sides and are associated with execution times of unlimited market orders.
(iii) The time until v ≥ 3, 000 (5, 000) shares are traded on both sides of the market simultaneously. Based on this criterion, a market is defined as liquid only if a large volume can be traded quickly on both market sides. Thus, this type of volume durations correspond to the waiting time until an unlimited market order on both sides of the market is executed. A well known feature of volume durations (see e.g. is a strong impact of intraday seasonality effects. It is assumed that the daily seasonality factor s t can be approximated by a cubic spline where the nodes are set on each 30 minutes. Thus, I
regress the durations on the splines and standardize them by the obtained seasonality components following eq. (13). Figure 3 shows the seasonality patterns of volume durations which do not account for either side of the market. The plot depicts the typical intraday seasonality pattern with high market activities, i.e. small volume durations, in the morning, a significant 'dip' at noon and a relatively active trading before the closure of the market. The pictures in figure 4 show kernel density estimates of the seasonal adjusted durations of type (i) and (iii). A well known feature of volume durations is that the density functions of volume durations become more hump-shaped the higher the aggregation level. This property is one main difference to price durations or inter-trade durations which exhibit density functions that are more similar to the exponential distribution. Thus, modelling of such durations requires the use of ACD models which account for these specific distributional properties.
Estimation Results
In the following I, analyze the performance of six different types of ACD models, the basic (linear) ACD specification, the Log-ACD model, the BC-ACD model proposed by Dufour and Engle (2000) as well as the two additional Box-Cox-ACD specifications, BC1-ACD and BC2-ACD. Table 3 do not seem to be appropriate to capture the dynamics of volume durations very well. In most of the specifications the data do not support a reduction from the Generalized F form to more simple distributions, as the corresponding tests are rejected. Column (6) presents the estimation results of the BC2-ACD model based on the Weibull distribution 13 .
It can be shown that the simpler distribution causes an upward bias of β toward more persistence. Therefore, it seems that the lack of distributional flexibility of the Weibull ACD model causes spurious persistence of the conditional mean function. 14 Furthermore, based on the BIC, for all regressions the fit of the Weibull ACD model is poorer than for the corresponding Generalized F specifications. Contrarily, focussing on the Ljung-Box statistics of the ACD residuals, the difference between both models is less clear. For some regressions the Weibull model seems to capture the inter-duration dynamics even in a better way, leading to higher reductions of the Ljung-Box statistics.
Note that, even though the ACD, BC1-ACD and BC2-ACD model do not ensure the non-negativity of the durations, none of these specifications actually predicted negative durations. Hence, the use of logarithmic forms merely in order to ensure the non-negativity for such applications is not really necessary.
Evaluation of the Prediction Performance
A further task of this study is to evaluate the predictive performance of the particular approaches with respect to the different types of volume durations based on out-of-sample forecasts. Therefore, I estimated the models on the basis of the first 56 trading days of the sample while the volume durations of the last 5 days are predicted. One-step forecasts of the duration mean as well as of the duration density are computed. The computation of one-step forecasts of the mean based on ACD models is quite obvious since the estimated conditional expectation of the seasonal adjusted duration of the next spell beginning in t, Ψ t , is directly comparable to the actual realization. 15 Thus, in this context the prediction 13 I also estimated the other ACD specifications based on the Weibull distribution and found equivalent results. For ease of exposition only the BC2-ACD model is presented here.
14 This result is in line with the findings of Lunde (2000) based on evaluations of the Generalized Gamma ACD, Weibull ACD and the Exponential ACD model.
15 Note that the seasonality adjustment is based on the clock time at the beginning of each spell.
error is given by
To evaluate the performance of the mean predictions, I use the bias of the forecasts (BIAS), the Root Mean Square Forecast Error (RMSFE), as well as the correlation coefficient (CORR) between the predictions and the corresponding outcomes as loss functions.
To evaluate the density forecasts I apply the method proposed by Diebold, Gunther, and Tay (1998) based on the work of Rosenblatt (1952) . The evaluation is based on the probability integral transform
where f τ denotes the p.d.f. of τ t . Diebold, Gunther, and Tay (1998) showed that under the null hypothesis, i.e. correct density forecasts, the distribution of the z t series is i.i.d. uniform. Hence, testing the z t series against the uniform distribution allows to evaluate the performance of the density forecasts 16 . Therefore, I categorized the probability integral transforms z t and computed a χ 2 goodness-of-fit test on the basis of the frequencies of the particular categories
K denotes the number of categories (20, in this case), n j the number of observations in category j and p j the estimated probability to observe a realization of z t in category j. In general, the best predictability is found for volume durations measured independently of the side of the market. Thus, general movements on the market can be predicted more precisely than the trading activities on the particular sides of the market. For this type of financial durations, the predictive performance with respect to both the mean and the density function rises with the aggregation level. forecasts of the density. Second, surprisingly no clear outperformance of the Generalized F ACD specifications compared to the corresponding Weibull ACD models is observed. In particular, for some duration types even better forecasts based on the Weibull distribution are found. Hence, even though the Generalized F distribution allows for a better fit of the data, it provides no significant improvement of out-of-sample density forecasts.
The impact of past market activities
The goal of this section is to investigate the impact of explanatory variables associated with past trading activities, even when for autoregressive dependencies is controlled. In order to include explanatory variables associated with the beginning of each spell, the ACD model (here the BC-ACD model, eq. (5)), is extended as follows:
Note that based on this formulation, the explanatory variables enter the model statically, i.e. without an infinite lag structure. Alternatively, one could drop the subtraction of In order to answer these questions, I generated five explanatory variables each associated with the trading process of the last 10 minutes before the beginning of the spell:
• RNUMB: The relative number of buy transactions as an indicator for the balance between the two sides of the market.
• RCHBS: The number of relative changes between the buy and the sell side. This variable might be interpreted as an indicator for the 'strength' of a price signal.
• |CDP|: The absolute price change within the last 10 minutes.
• CDP: The (signed) price change within the last 10 minutes.
• CADP: The cumulated absolute price changes from trade to trade within the last 10 minutes as a simple measure for volatility.
Taking into consideration the explanatory variables, I estimated the particular ACD specifications (3)- (7) In general, most of the explanatory variables are found to be significant. Thus they provide additional explanatory power, even though the model controls for serial dependencies.
In particular, the following results are summarized: For the variable RNUMB only for sell volume durations a significant coefficient is observed. Interestingly, the coefficient is negative which states a negative relationship between the relative number of buys in the past and the expected sell volume duration. Thus, the more buys have been observed during the last 10 minutes, the higher the expected market activities on the sell side, indicating the existence of some cyclical market behaviour. Second, the less changes between the buy and the sell side have been observed (variable RCHBS), the higher the probability for the existence of a price signal. Since this measure does not account for the direction of the price signal, it is not surprising that for buy volumes or sell volumes, respectively, no significant results are found. Contrarily, for volume durations defined as the time until on both market sides a given volume is traded, a significant negative coefficient is obtained. Thus, the higher the strength of the price signal associated with a low number of buy-sell changes, the higher the market activities on both sides of the market. The results indicate that the inclusion of explanatory variables significantly improves predictions of the mean function while density forecasts do not seem to be significantly affected. Therefore, it is worthwhile not only to flexible specifications but also to account for explanatory factors which are not captured by autoregressive variables.
Conclusions
In this paper, I focussed on the econometric analysis of volume durations, i.e. the time until a predetermined volume is traded on the market. I proposed this concept as a valuable tool to measure the intraday trading activity, which is strongly related to the liquidity of an asset. By using IBM transaction data from the TORQ database provided by the NYSE, different types of volume durations have been analyzed, in particular, durations based on volumes which do not account for the type of the trade, buy volumes and sell volumes, as well as volumes traded on both sides of the market. found the best results for volume durations which do not account for either side of the market. I.e.,in general it is more difficult to predict liquidity movements on the particular sides of the market. Moreover, I found that buy volume durations are better predictable than sell volume durations which might be interpreted with different trading patterns of the particular sides of the market.
A further objective of the paper was to investigate the impact of past market activities. I included explanatory variables capturing market activities of the last 10 minutes before the beginning of the spell. I illustrated that past imbalances between the buy and the sell side lead to cyclical market behaviour, i.e. the more buys (sells) have been observed, the lower the expected sell (buy) volume duration. Additionally, the less changes there are between the particular market sides, the lower is the expected volume per time measured on both sides of the market. Moreover, the higher the volatility as well as the absolute price change within the last 10 minutes, the higher the trading activity in subsequent trading intervals.
Including past signed price changes, it is shown that buy volume durations are significantly negative influenced, while sell volume durations do not seem to be affected by the sign of the past price movement. A further important result is that explanatory variables not only have a significant impact on volume durations, but also improve out-of-sample predictions of the duration mean.
